This article is protected by copyright. All rights reserved. 4. We investigate levels of association with fronts occurring over two spatio-temporal scales, (i) broad-scale, seasonally persistent frontal zones and (ii) contemporaneous thermal and chl-a fronts.
Introduction
Understanding the ways in which large marine vertebrates optimise foraging efficiency in heterogeneous and dynamic pelagic environments has become a central issue in marine ecology.
These animals are often highly mobile, moving over immense spatial scales in order to find suitable habitats in which to forage and reproduce. Moreover, zooplanktivorous megavertebrates such as the basking shark Cetorhinus maximus, whale shark Rhincodon typus, leatherback turtle Dermochelys coriacea and manta ray Manta birostris exist on an energetic 'knife-edge', and so must maximise prey encounter rates in patchy pelagic prey seascapes in order to survive (Sims 1999; Stevens 2007; Hays et al. 2006; Sims 2008; Fossette et al. 2010) .
Underlying movement patterns that enhance foraging optimality, such as behaviours approximating theoretically optimal Lévy walks, have been identified in a variety of marine taxa (Viswanathan et al. 1999; Sims et al. 2008; Humphries et al. 2012 ) and linked to oceanographic context (Hays et al. 2006; Humphries et al. 2010 ) and prey fields . Biophysical habitat characteristics, including primary productivity and convergent front propagation, have been shown to influence behavioural switches between Lévy behaviour and Brownian movements in several species, including the basking shark (Humphries et al. 2010) . Such behavioural switches indicate the concentration of area-restricted search (ARS), a proxy for foraging effort, in productive waters . Broad-scale movements have also been linked to climatic influence over thermal resources, and finer-scale habitat use closely coupled with prey availability (Cotton et al. 2005; Siders et al. 2013; Curtis et al. 2014) , indicating that bottom-up forcing and the propagation of oceanographic features that aggregate prey are likely to mediate foraging behaviour over a continuum of spatial scales.
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Shark locations during the period of tag attachment were derived using light-based geolocation (GLS), corrected for sea-surface temperature (SST), with a calculated error radius of 75.5 ± 54.5km . In order to account for this spatial uncertainty, we resampled possible locations (n=10 per GLS-derived location) from within the mean radius of error (Fig. 1) . Resampled presence positions falling on land were discarded and replaced. We also resampled presence positions (n=10) in the initial (vessel dGPS, error radius <5m) and final (Argos pop-up location, error radius <1km) locations per track, for equal weighting of all presence positions. All locations derived from this combined dataset were treated as near-surface presence positions in further analyses.
Random Walk Simulations
The use of presence-only, serially autocorrelated tracking data to infer habitat preference has inherent complications (Aarts et al. 2008; Warton & Aarts 2013) . In order to account for regions of habitat accessible to, but not actively utilised by, tracked sharks, we used a randomisation procedure (cf. Heithaus et al. 2006; Sims et al. 2006) to generate correlated random walk simulations (n=1000 per shark, total=7000; adehabitatLT package for R; Calenge 2006) . Simulated tracks were generated per shark such that the total number of locations equalled the original track length, and step lengths and turning angles were derived from distributions in each original track. Simulations were permitted to approach, but not cross, land, were time-matched to original tracks, and were constrained within a region defined by the bounding box surrounding all locations obtained across all individuals ( Fig. 1; 45° to 61° N, -15° to 6° W; hereafter 'study area'). This study area includes the UK and Irish continental shelf region, and the shelf break system (Fig. 2) . Locations derived from this simulated dataset were treated as pseudo-absences for statistical analysis.
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Thresholds for front detection (Single-Image Edge Detection, SIED; Cayula & Cornillon 1992) are often chosen arbitrarily, yet the magnitude of cross-frontal temperature change is likely to influence associations between marine vertebrates and fronts (Etnoyer et al. 2006) . We therefore systematically varied the SIED threshold used in preparation of thermal composite front maps, from 0.2°C (minimum detectable owing to SST scaling in original imagery) to 1.0°C, generating a set of time-matched front metrics at each threshold. Values were obtained for each of these metrics, plus SST and chl-a with no front detection, for each location of the full dataset (presence, resampled presence, pseudo-absence), and used as predictor variables in subsequent statistical modelling.
Statistical analysis
We carried out a use-availability analysis over two spatiotemporal scales: (i) seasonal associations with zones of frequent frontal activity, and (ii) near real-time associations with contemporaneous mesoscale thermal and chl-a fronts. We used logistic regression within a Generalised Linear Mixed Modelling framework (GLMM, lme4 package for R; Bates et al. 2014 ) to obtain estimates of the influence of each of the predictor variables on the probability of observing a presence (individual as random effect; binary presence/pseudo-absence response; binomial errors with logistic link function). Owing to serial autocorrelation in both tracking data and simulated tracks, which violates the assumption of independence essential to the use of GLMM, we used a non-parametric bootstrapping regime to iteratively resample both the presence and pseudo-absence datasets for each model fit (Scales et al. 2014c) . A total of 1000 presence and 1000 pseudo-absence locations, weighted as per the proportion of the complete tracking dataset contributed by each individual, were sub-sampled from each individual dataset for each iteration. Resultant presence/pseudo-absence datasets were then used to fit models over 1000 iterations.
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We repeated this procedure using (i) seasonal front frequency metrics (thermal, chl-a) for both the season in which the sharks were tracked, and the preceding year, and (ii) 7-day contemporaneous front metrics (thermal, chl-a; distance to closest front fdist, frontal gradient density gdens, frontal persistence pfront), together with time-matched SST and chl-a values. All 7-day contemporaneous front metrics and SST were standardised across the entire presence/pseudo-absence dataset prior to the modelling procedure, by subtracting the mean and dividing by standard deviation (Zuur, Hilbe & Ieno 2013 ). This enables comparability of effect sizes between variables that are scaled differently in their original form.
The distribution of Chl-a was highly skewed, with a large predominance of small values. We therefore removed all spurious outlying values (>20 mg m -3 ) and transformed the resulting dataset using a log 10 transformation to generate an explanatory variable with a distribution approaching normal.
Owing to colinearity between predictor variables, which was detected using pairwise plots and Table 1 ).
Confidence intervals (CIs; 95%) were also calculated for each of the parameter distributions. Mean values and CIs of regression coefficients were plotted and used to assess the influence of each term on the probability of shark presence (CIs overlapping zero indicates non-significant term). To assess the influence of thermal gradient magnitude on the strength of associations with fronts, we repeated this modelling procedure for each set of time-matched metrics derived using different front detection thresholds (0.2°C, 0.4°C, 0.6°C, 0.8°C, 1.0°C).
Results

Satellite-linked archival tracking
Of the 21 basking sharks tagged sufficient data to reconstruct tracks were received from 7 individuals (body length range 2.5 -7.0m), which were tracked for a cumulative total of 964 days, ranging from 72 -213 days per individual. A total of 186 light-level geolocations were obtained (0.2 ± 0.05 per day) during this period. Associated dive data indicated that all sharks spent a significant proportion of this time foraging at the sea surface .
Seasonal front frequency
Basking shark tracking locations were clustered within broad-scale regions of high seasonal front frequency, in both SST and chl-a fields (Fig. 2) . Logistic regression revealed that the probability of shark presence was higher in regions of frequent or persistent frontal activity ('frontal zones') during the basking shark surface sightings season (May -Oct) over two years ( Fig. 3 ; Supp. Table 1 ). Thermal front frequency had a stronger influence over the probability of observing a presence than chl-a front frequency, although both contributed significant explanatory power to models ( Fig. 3e ; Supp. Table 1 ).
The proportion of deviance explained was also found to be higher for thermal front frequency than for chl-a (thermal = 8.25 ± 2.32; chl-a = 1.65 ± 1.06).
Seasonal front frequency in the preceding year also had an influence on the probability of observing a presence ( Fig. 3 ; Supp. Table 1 ). Model intercepts and regression coefficients were similar when modelling the influence of front frequency from the contemporaneous year and from the preceding year on shark presence (Supp. 
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Time-matched front metrics
Shark presence locations were significantly more likely to be associated with contemporaneous thermal and chl-a fronts than pseudo-absences derived from random walk simulations ( Fig. 4 ; Supp. Tables 2 -3 ). Distance to closest chl-a front (fdist) and all 7-day thermal front metrics (distance to closest simplified front, fdist; frontal gradient density, gdens; front persistence, pfront; 0.4°C front detection threshold) were significant predictors of shark presence. Shark presence was more likely to be observed in closer proximity to thermal and chl-a fronts, at higher thermal gradient densities and in association with persistent thermal fronts than pseudo-absences. Indeed, some individuals appeared to spend days to weeks tracking the surface profile of strong thermal fronts, presumably foraging on aggregated prey (see Animation, supplementary material).
Overall, 7-day chl-a front metrics held less explanatory power than thermal metrics; while distance to closest simplified chl-a front fdist explained a significant proportion of deviance, gdens and pfront had a less pronounced effect on the probability of shark presence ( Fig. 5 ; Supp. Table 3 ). In addition, confidence intervals of the distribution of regression coefficients from bootstrapping approached zero for chl-a gdens and overlapped zero for chl-a pfront (Fig. 5) . We can surmise that shark presence positions are more likely to be observed in closer proximity to chl-a fronts than pseudo-absences, but that chl-a gdens and pfront metrics have a lesser influence on probability of shark presence, presumably as a result of the ephemeral nature of chl-a blooms at fronts, and the spatial smoothing involved in preparation of these metrics. These results indicate that time-matched thermal front metrics are more useful predictors of shark presence than comparable chl-a metrics in this case.
Varying the thermal front detection threshold had a considerable effect on the magnitude of the logistic regression coefficient for the thermal fdist metric ( Fig. 6 ; Supp. Table 2 ). Effect size and proportion of deviance explained increased with a higher detection threshold. Shark presences were more likely to be associated with stronger thermal fronts (1.0°C cross-frontal temperature difference or "step") than
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weaker features (0.2°C difference), although all detection thresholds resulted in significant predictors ( Fig.6 ; Supp. Table 2 ). In contrast, altering the detection threshold had little influence over the effect sizes of the gdens and pfront metrics (Supp. Table 2) , most likely as a result of the inclusion of the crossfrontal gradient in the gdens metric, and the tendency of fronts with a stronger cross-frontal gradient to persist through time (Bakun 2006) .
Comparison with standard SST and chl-a fields
Chlorophyll-a concentration was found to have a significant effect on the probability of shark presence, with log 10 transformed chl-a concentration explaining the highest proportion of deviance across model iterations ( Fig. 5b ; Supp. Table 3 ). Chl-a had a strongly positive effect as a predictor of shark presence, indicating that foraging habitat selection is tightly coupled with primary productivity. SST was also found to be a significant predictor, although this variable explained a considerably lower proportion of deviance than chl-a and time-matched front metrics, having a weak negative effect on the probability of shark presence ( Fig. 5 ; Supp. Table 3 ).
Discussion
Our combined use of animal-attached, satellite-linked archival tracking and composite front mapping 
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Associations with seasonally persistent frontal zones
Seasonal front frequency, i.e. the number of times a front was detected in any one pixel (1.1km x 1.1km) of the study area over the main UK basking shark surface sightings season (May -Oct), was found to be a significant predictor of shark presence for both thermal and chl-a frontal activity. Presence locations of tracked sharks were more likely to be found in association with seasonally persistent frontal zones than in other regions of the study area, although thermal front frequency was found to have a stronger effect than chl-a, perhaps owing to the propensity of thermal fronts to manifest in similar locations more frequently than chl-a fronts over the season (Kahru et al. 2012) .
Furthermore, seasonal front frequency metrics from the preceding year were significant predictors of shark presence. Low inter-annual variability in the spatial extent of these persistent frontal zones over the study period (2000-2002) indicates that sharks may return to spatiotemporally predictable foraging grounds in which they have previously experienced profitable prey encounter rates. Although we only have tracking data from seven different individuals tagged over two successive years, and none spanning two years, and so cannot determine whether the same sharks could be returning to forage in previously profitable regions, we can surmise that predictability of foraging hotspots is likely to be high over seasonal timescales. Basking sharks, like many pelagic marine vertebrates, may optimise foraging efficiency through orientation to the same broad-scale regions to search for suitable foraging areas, then using search patterns consistent with optimal random searches (Sims et al. 2008; Humphries et al. 2010 ) and more proximate clues to locate prey aggregations nested within (Cotton et al. 2005; Siders et al. 2013) . Many marine vertebrates exhibit broad-scale foraging site fidelity over seasonal, annual or inter-annual timescales (e.g. seals, Bradshaw et al. 2004; sharks, Pade et al. 2009; Queiroz et al. 2012; whales, Irvine et al. 2014; seabirds, Patrick et al. 2014) , indicating that spatiotemporal predictability of prey encounter rates influences habitat selection across taxa (e.g. seabirds, marine mammals; Weimerskirch 2007; Bost et al. 2009 ).
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Spatial correlation between the locations of thermal and chl-a frontal zones with which sharks associate was also found to be high within the study area, over the three years' of remotely-sensed data analysed for this study. The locations of thermal and chl-a fronts often coincide (Le Fevre 1986; Belkin, Cornillon & Sherman 2009) , since chl-a fronts frequently manifest where convergent processes occurring around thermal discontinuities aggregate nutrients and plankton in productive regions with high background chl-a concentrations, such as at the peripheries of plankton blooms (Le Fevre 1986; Kahru et al. 2012) .
Although these mechanisms are not yet well understood, objective detection of regions of frequent frontal activity in both thermal and chl-a fields, such as that presented here, could aid in identification of biophysical hotspots. Persistent thermal and chl-a frontal zones in the Celtic Sea, identified using the same front frequency indices, have been found to be significant foraging features for breeding northern gannets Morus bassanus (Scales et al. 2014a) . When considered together, these results suggest that persistent mesoscale frontal zones in UK shelf seas may have significant cross-taxa ecological importance, providing spatio-temporally predictable foraging opportunities for both planktivorous and piscivorous marine vertebrates.
Associations with contemporaneous thermal and chl-a fronts
Basking sharks were found to associate strongly with productive regions of the study area, indicating that the propagation of surface foraging opportunities is tightly coupled with bottom-up oceanographic forcing. Our analysis also reveals that over timescales of weeks to months, sharks associated with thermal and chl-a fronts within these productive areas. Time-matched front metrics were significant predictors of shark presence at the surface. Tracking locations were more likely to be found in close proximity to thermal and chl-a fronts, at higher thermal gradient densities and in association with more persistent thermal fronts than pseudo-absences derived from random walk simulations. These findings are in concordance with those of Curtis et al. (2014) , and with our a priori assumption that foraging behaviour of these planktivores is closely tied to low trophic-level enhancement. Comparable associations with thermal fronts in pelagic waters have been documented in other sharks and large
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waters of the region in summer, when sharks frequently feed at the surface and occasionally dive to the sea bottom , and so are at their most vulnerable to deleterious anthropogenic interactions (e.g. fisheries bycatch; development of Marine Renewable Energy Installations (MREI); impacts of maritime leisure). Composite front mapping is useful in identifying key habitats and potential regions of overlap with anthropogenic pressures within the Exclusive Economic Zones (EEZ) of nations, and so could be of value in marine spatial planning and the formulation of management initiatives for species of conservation concern (Miller & Christodoulou 2014; Scales et al. 2014b) .
Although oceanographic front metrics derived from composite front mapping have proven useful in this context, the technique has some constraints that must be taken into account. Along with all marine remote sensing applications, only the surface profile of complex three-dimensional oceanographic processes can be detected. However, surface frontal activity can be a useful indicator of sub-surface biophysical processes that influence prey availability (Le Fevre 1986; Genin et al. 2005) . Moreover, this study focuses on basking sharks that spend long periods surface-feeding, which may be more closely associated with surface frontal activity than other deep-diving marine vertebrates (e.g. northern elephant seal Mirounga angustirostris; Robinson et al. 2012) . In addition, the spatial resolution of SST and chl-a imagery used to derive the front indices is limited by the satellite-based sensors. Here, we use Local Area Coverage (LAC) to obtain 1.1km resolution products, but we cannot detect finer-scale oceanographic influence on shark movements. The issue of spatial resolution has an impact on the algorithm's ability to detect fine-scale tidal mixing fronts occurring near to the coastline, which have been identified as potentially significant features for marine vertebrates utilising the nearshore coastal zone (e.g. Jones et al. 2014) . However, front metrics used here are appropriate for oceanographic contextualisation of animal movements occurring across pelagic seascapes over timescales of daysweeks-months, complementing the recent proliferation of data obtained through biologging. 
Figure Legends
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This article is protected by copyright. All rights reserved. (a -f) Mean effects of time-matched oceanographic metrics (chl-a, distance to closest simplified thermal or chl-a front fdist, frontal gradient density gdens, frontal persistence pfront, and sea surface temperature, SST) over 1000 model iterations. 
regression coefficient obtained from 1000 model iterations per threshold. Tables   Table 1 Inter-annual variability in seasonal front frequency (May -Oct, 2000-02) . Pearson productmoment correlation coefficient for spatial correlation between years.
